Activity monitoring using accelerometers is of growing interest. Acceleration contains information about intensity and frequency of activities. An additional barometer provides information on altitude. This paper presents an evaluation of several features with respect to their suitability for recognizing resting, walking, cycling, going up-and downstairs. Two classifiers are proposed: one using a barometer and the other neglecting the barometer. The classifiers were trained with reference data from 25 older adults, which performed a predefined set of activities of daily living. Both classifiers correctly recognized 82.7% of resting and 83.8% of cycling. Using a barometer, classification rates of 87.3% for walking, 82.9% for going stairs up and 77.4% for going stairs down were achieved. In contrast, neglecting the barometer resulted in 70.8% for normal walking, 79.7% for going stairs up and 71.8% for going stairs down. [4, 10] . Compared to doubly labeled water accelerometer based estimation of energy expenditure is less accurate. But in contrast to doubly labeled water they provide information about the total amount, the frequency, the intensity and the duration of activities in daily life. Moreover their usage is much cheaper [6] . Adding further sensors can enhance the recognition of several daily activities, e.g. information about the change in altitude can support the classification of going stairs up or down [7] . Due to the integration of accelerometers and other sensors in smartphones and their availability on the mass market, smartphones can become an easy tool to perform activity monitoring and energy expenditure related studies. Nevertheless, the built-in sensors vary in type and quality. Therefore, algorithms are required which can be adapted to the capabilities of the used platform. This paper will present an activity classification algorithm, which can easily be modified to fit different sensor platforms.
Introduction
Mean time spent on physical activity changes during the lifetime. A study with elderly Dutch men examined activities performed by older adults and their distribution from 1985 till 1995. During this period mean activitytime decreased from 84 min/day to 57 min/day. While walking time stayed nearly constant, time spent for other activities decreased with increasing age [1] . Coherences between activity and health have been a major research topic in the last years. A healthy lifestyle, being active in particular, reduces risk to suffer from severe diseases, like hypertension, diabetes mellitus type 2 or adipositas [2] . Other results have shown a relationship between activity and physical functionality. For instance older adults who are more physically active perform better in a timed walking test and can walk a larger distance [3] . These results rely on the assessment of activities. Beside the gold standard to measure energy expenditure, doubly labeled water, a few other techniques are established, like questionnaires or computing energy expenditure from consumed O 2 and produced CO 2 [11] . A relatively new branch is accelerometry. Technological advances in Micro-Electro-Mechanical-Systems (MEMS) permit small, energy-efficient and cheap accelerometers. Acceleration contains information on intensity and frequency of activities. Therefore these sensors are a suitable base for activity monitors [4, 10] . Compared to doubly labeled water accelerometer based estimation of energy expenditure is less accurate. But in contrast to doubly labeled water they provide information about the total amount, the frequency, the intensity and the duration of activities in daily life. Moreover their usage is much cheaper [6] . Adding further sensors can enhance the recognition of several daily activities, e.g. information about the change in altitude can support the classification of going stairs up or down [7] . Due to the integration of accelerometers and other sensors in smartphones and their availability on the mass market, smartphones can become an easy tool to perform activity monitoring and energy expenditure related studies. Nevertheless, the built-in sensors vary in type and quality. Therefore, algorithms are required which can be adapted to the capabilities of the used platform. This paper will present an activity classification algorithm, which can easily be modified to fit different sensor platforms.
Methods

Data acquisition Figure 1: ActiSENS components
A self-designed hardware module »ActiSENS« [8] was used for data acquisition and as target platform for algorithm engineering. Main components are a three-axial accelerometer, a barometer, a microcontroller and a Bluetooth module (figure 1). Data streams from accelerometer and barometer are acquired and subsequently processed by the microcontroller. Recorded raw data or computed results can be transmitted to an end device via Bluetooth. Accelerations are measured in the range ±1.5g with a resolution of 1 mg and a sample rate of 32 Hz. The barome-ter measures air pressure in the range 30 kPa to 120 kPa and with a resolution of 1.5 Pa. Its sample rate was set to 9 Hz.
User involvement
In 2011 the »Diakonie Neuendettelsau«, an institution for social and health services, founded a group of volunteer adults: »Komitee für Zukunfstechnologien« 1 (Komtech) [9] . Since then 150 persons aged from 23 to 89 years (mean age: 72±12.76 years) registered for random participation in workshops, interviews, product and usability tests. 25 older adults from »Komtech« participated in recording reference data for activity classification. They performed a predefined set of everyday activities wearing an ActiSENS system at the hip. The y-axis of the accelerometer was pointing upwards and the z-axis towards walking direction. The activity set contained going stairs up (1 min) and down (1 min), using a lift three times, using a bicycle ergometer at 0 W, 50 W and 100 W (each 2 min), knitting (2 min), lying (2 min), walking at varying speed (5 min) and cycling (4 min). Each person was accompanied by a staff member who annotated the recorded data. Afterwards, data and annotation were manually reviewed and ambiguous parts were removed. In total 349 minutes of useable data were created.
Feature selection
Various statistic features from nine data channels were considered for activity classification. Each feature was computed from a four second data segment. This interval was chosen with respect to the performance of the used microcontroller. Eight channels derived from acceleration: raw data (three channels), filtered data with removed gravity (three channels), the magnitude of raw and filtered acceleration (two channels). A high-pass filter with a cutoff frequency of 0.25 Hz was applied to remove gravity from acceleration [5] . Measured accelerations encapsulate the intensity and frequency of an activity, e.g. a distinction between resting and walking can be performed analyzing this data. Examined statistic features for these channels in time domain and power spectrum were: arithmetic mean, geometric mean, median, standard deviation, variance, mode, range, lower and upper quartile, interquartile range, skew and kurtosis. The filtered accelerations were also integrated once to compute the additional feature »change in velocity« and integrated twice to compute the feature »change in position«.
Recorded pressure of the air contributes as ninth data channel. The barometric formula relates a person's altitude to the measured pressure. Classification of activities which involve a change in altitude is expected to benefit from these data, e.g. going stairs up or down.
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Features are computed which are promising to reflect a change in altitude: distance between the pressure maximum and minimum, interquartile range, distance between the quantiles Q 0.95 and Q 0.05 and difference between the mean pressure of the current and the last data segment »ΔP«. Some features from acceleration and pressure describe similar relations and are not complementary. The number of features in the feature set for activity classification was reduced using a forward selection algorithm to avoid unnecessary complexity during training of the classifier. Starting with an empty set, successively features were added. Features which do not improve the classification performance were discarded from the set. Different feature sets were created for training that were including or respectively neglecting the barometer.
Activity classification
A two layer approach was chosen for classification (figure 2). Layer one recognizes resting, walking and cycling. If layer one marks an activity as walking then it is reprocessed by layer two. Layer two distincts between walking, going up-and going down stairs. This approach provides the flexibility to add, adapt or remove the classification of special activities to the capabilities of the activity monitor, e.g. using different classifiers if the activity monitor relies only on acceleration or contains an additional barometer. 
Results
The proposed algorithm was applied to the complete data set from the »Komtech«-sessions. Layer one was able to recognize 82.7% of resting as resting, 92% of walking as walking and 83.8% of cycling as cycling. Layer one does not distinguish between walking and going up-and downstairs. Instead these samples are labeled with the class »walking« and marked for reprocessing in layer two. Therefore 98.8% of going stairs up and 94.3% of going stairs down were correctly classified as walking. The classification rates of layer one are summarized in table 4. 
Conclusion
An algorithm for recognizing the activities resting, walking, cycling and going up stairs and down stairs is presented. The multilayer approach provides the flexibility to add, adapt or remove the classification of special activities to the capabilities of the activity monitor. Using the barometer in the second layer provided the best results for detecting walking upstairs or downstairs. Besides it is robust measure while movement patterns recorded with an accelerometer vary with position and orientation of the sensor, e.g. motion patterns for walking are different if recorded on the hip or on the thigh, but the air pressure would be nearly the same. Future work will combine activity classification with fall detection, for instance to detect falls with following motionlessness. Moreover independence of sensor orientation will become a major research aspect.
